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ARTICLE INFO ABSTRACT

Keywords: Exposure to outdoor air pollution may affect incidence and severity of coronavirus disease 2019 (COVID-19). In

Air pollution this retrospective cohort based on patient records from the Greater Manchester Care Records, all first COVID-19

;:);SIDCl\g/ 5 cases diagnosed between March 1, 2020 and May 31, 2022 were followed until COVID-19 related hospitalization
_CoV-

or death within 28 days. Long-term exposure was estimated using mean annual concentrations of particulate
matter with diameter <2.5 pm (PM35), <10 pm (PMjg), nitrogen dioxide (NO3), ozone (O3), sulphur dioxide
(SO2) and benzene (CgHg) in 2019 using a validated air pollution model developed by the Department for
Environment, Food and Rural Affairs (DEFRA). The association of long-term exposure to air pollution with
COVID-19 hospitalization and mortality were estimated using multivariate logistic regression models after
adjusting for potential individual, temporal and spatial confounders. Significant positive associations were
observed between PMjy 5, PM;o, NO SO benzene and COVID-19 hospital admissions with odds ratios (95%
Confidence Intervals [CI]) of 1.27 (1.25-1.30), 1.15 (1.13-1.17), 1.12 (1.10-1.14), 1.16 (1.14-1.18), and 1.39
(1.36-1.42), (per interquartile range [IQR]), respectively. Significant positive associations were also observed
between PMjy 5, PMjg, SO2, or benzene and COVID-19 mortality with odds ratios (95% CI) of 1.39 (1.31-1.48),
1.23 (1.17-1.30), 1.18 (1.12-1.24), and 1.62 (1.52-1.72), per IQR, respectively. Individuals who were older,
overweight or obese, current smokers, or had underlying comorbidities showed greater associations between all
pollutants of interest and hospital admission, compared to the corresponding groups. Long-term exposure to air
pollution is associated with developing severe COVID-19 after a positive SARS-CoV-2 infection, resulting in
hospitalization or death.

Hospitalization
Benzene
Mortality

1. Introduction (CgHe) in a number of studies, whilst nitrogen dioxide (NO2) is primarily
from vehicle combustion emissions in a city environment (Jephcote &

Pollutants from human activities are detrimental to human health. Mah, 2019; Restrepo, 2021; Tiwari et al., 2010). Particulate matter with
Primary anthropogenic sources include combustion of fuels such as diameter <2.5 pm (PMy5) and <10 pm (PM;o) will encompass both
wood, coal, and the emissions from vehicle exhausts. Industry has been sources. Benzene may also be viewed as a proxy for other industrial
suggested to be the primary source of sulphur dioxide (SO2) and benzene pollutants such as polycyclic aromatic hydrocarbons (PAHs), and other
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volatile organic compounds, for which ambient levels are not monitored
on a national scale (Jephcote & Mah, 2019).

Air pollution is a major environmental risk factor for morbidity and
mortality, leading to 4.2 million deaths every year globally, primarily
from heart disease, stroke, chronic obstructive pulmonary disorder
(COPD), lung cancer and acute respiratory infections (WHO, 2021). Air
pollution affects people in different ways, with the elderly, children and
those with pre-existing health conditions being the most sensitive to the
health impacts. In addition, the people living in the most deprived areas
of cities are more likely to be breathing in higher concentrations of air
pollution and have inadequate medical treatment (Brunt et al., 2017;
Daras et al., 2021).

National and international studies have linked air pollution exposure
to incidence, morbidity and mortality of coronavirus disease 2019
(COVID-19), which is caused by the SARS-CoV-2 virus that instigated a
global pandemic, seriously challenging healthcare systems since 2020
(Heald et al., 2022). However, results have mostly been drawn from
ecological analyses that use population-level data and are therefore
prone to bias (Perone, 2022; Renard et al., 2022; Travaglio et al., 2021;
Wu et al., 2020). Only a few studies have examined the association
between long-term exposure to air pollution and COVID-19 morbidity
and mortality, using individual-level data on COVID-19 outcomes in a
cohort design (Bowe et al., 2021; Bozack et al., 2021; C. Chen et al.,
2022; Z. Chen et al., 2022; English et al., 2022; Mendy et al., 2021).
However, these studies used different definitions of COVID-19 severity,
included fewer individual pollutants, and did not account for a wide
range of individual-level determinants of COVID-19 spread or severity,
such as body mass index (BMI), smoking status, or history of
comorbidities.

In this study we investigated the association between long-term
exposure to air pollutants (PMy s PM;jo Ozone (0O3), NOy, SO3, ben-
zene), and COVID-19-related severity (hospitalization or death) in those
infected with SARS-CoV-2 in Greater Manchester, United Kingdom (UK).

2. Methods
2.1. Study population

Data was extracted from the Greater Manchester Care Record
(GMCR), which is a digital resource bringing together National Health
Service (NHS) information of over 3.1 million residents, including
general practitioners (GPs) and hospitals, across all 10 Greater Man-
chester boroughs (Greater Manchester Care Records, 2022). The cohort
consisted of individual residents of Greater Manchester who were
diagnosed with COVID-19 by a polymerase chain reaction (PCR) labo-
ratory test result, between March 01, 2020 and May 31, 2022 (n = 456,
510). PCR testing capacity in the UK varied over time but sufficiently
high levels were established from October 26, 2020 until the end of this
study (UKHSA, 2023). Diagnosis of COVID-19 by clinical examination
was not recorded in the NHS database. COVID-19 hospitalizations or
mortality were defined as any cause of hospital admission or death
within 28 days after a first positive COVID-19 test, respectively, in line
with the NHS definition and previous literature (Gao et al., 2022). In-
dividuals with a positive PCR result within 48 h of admission were also
included in the analysis to account for delays in reporting. Covariates
were identified from prior literature, and depicted in a directed acyclic
graph (see Supplementary Fig. S1). The final dataset included
individual-level information on age, sex, ethnicity, BMI, smoking status,
history of comorbidities (coronary heart disease (CHD), stroke, hyper-
tension, asthma, chronic obstructive pulmonary disorder (COPD), and
type 2 diabetes), as well as area-level socioeconomic status (SES), index
of multiple deprivation (IMD) at lower super output area (LSOA) level.
LSOAs are part of a geographic hierarchy and designed to be a similar
size, containing approximately 1500 residents each. Population density
was obtained from the Office for National Statistics (ONS, 2022). The
study was reviewed and approved by the GMCR Secondary Uses and
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Research Group (reference number RQ-043). All data used was anony-
mised and was obtained after approval of a three-stage application
reviewed by the GMCR Board. All clinical code sets and scripts used for
the data preparation in this project can be found at: https://github.
com/rw251/gm-idcr/tree/master/projects/043%20-%20Cruickshank.

2.2. Air pollution exposure

Annual mean concentrations of PMys PMjg O3 NO2, SO,, and
benzene were estimated by the Department for Environment, Food and
Rural Affairs (DEFRA). As a secondary pollutant whose distribution is
noticeably different to other pollutants, O3 is measured as the number of
days on which the daily max 8-h O3 concentration is greater than 120 pg
m > (DGT120), which is used in targets set by UK Air Quality Standards
Regulations (DEFRA, 2022a). The metric for all other pollutants is
annual mean in pg m . The modelled air pollution was estimated at a 1
x 1 km resolution, with the DEFRA model combining ground moni-
toring, location of industrial facilities and transport networks (DEFRA,
2022b). DEFRA models are continually updated and the underlying
methodology often changes each year (DEFRA, 2022b; DEFRA, 2022c).
Ambient exposure to air pollution in 2019, 2020 and an average of both
years were linked to each individual’s LSOA code level, as a measure of
long-term exposure to air pollution. A 1-year exposure in 2019 was used
as the main exposure in this study to reflect air pollution levels prior to
the pandemic, which has also been used by previous literature (Bowe
et al., 2021; Bozack et al., 2021; Z. Chen et al., 2022; Veronesi et al.,
2022). The raw DEFRA data (grid of points) was converted to raster with
1 x 1 km cells and then a coverage weighted mean was calculated for
each LSOA using the intersected raster cells, in line with previous
literature (Daras et al., 2019). Figures were created to visualize these
annual concentrations across Greater Manchester LSOAs (see Fig. 1 and
Supplementary Fig. S2).

2.3. Statistical analysis

To visualize the relationship between air pollution exposure and
COVID-19 severity we used generalized additive models with a regres-
sion spline function with 5 degrees of freedom for air pollution exposure.
The association between long-term exposure to air pollution of PMy 5,
PMio, O3, NO2, SO2, and benzene (2019 annual levels) and COVID-19
severity (hospitalizations and mortality in separate analyses) were
assessed using multivariate logistic regression. As most pollutants
showed linear associations, each pollutant was included separately in a
linear model after adjusting for individual- and area-level covariates in
three a priori defined steps: Model 1 (crude) included the temporal
trends (month of diagnosis), sex, age (20-year-age band), and ethnicity
(white, black, Asian, mixed, other); Model 2 (individual-level factors)
further adjusted for BMI (underweight, normal, overweight, obese class
1, obese class 2, obese class 3) and smoking (current smoker, previous
smoker, non-smoker); and Model 3 (main model) additionally adjusted
for area-level factors, including IMD in 2019 decile score from 1 to 10,
and population density (people per square km in each LSOA).

Potential effect modifications of the association of individual pol-
lutants and COVID-19 severity by age, sex, BMI, and smoking were
explored by further adding a multiplicative interaction between the
covariates and exposure into the main model and examining the sig-
nificance by likelihood ratio test. Additionally, we investigated the ef-
fect modifications by comorbidity with cardiovascular disease (CHD,
stroke, hypertension), respiratory disease (asthma, COPD, and type 2
diabetes), as well as hypertension, type 2 diabetes, asthma and COPD.

To investigate the temporal effects on associations, we further
stratified the analysis into different periods of the pandemic; before and
after mass vaccination (March 1, 2020-December 31, 2020 and January
1, 2021-May 31, 2022), and corresponding waves (wave 1; March 1,
2020-June 30, 2020, wave 2; August 1, 2020-May 31, 2021, and wave
3; June 1, 2021-May 31, 2022), defined by previous literature
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Fig. 1. The annual mean concentration of air pollution (SO5, NO3, PM; 5 and benzene) in 2019 in Greater Manchester.
PM,.5 = particulate matter with diameter <2.5 pm. NO; = nitrogen dioxide. SO, = sulphur dioxide. 2019 annual DEFRA data converted to raster data producing a 1
x 1 km grid for each pollutant, then the average value of grid cells that intersect with each LSOA polygon was used to produce a coverage-weighted mean. There are

1673 LSOAs in Greater Manchester.

(Feinmann, 2021; Kirwan et al., 2022; DHSC, 2022).

Multiple sensitivity analyses were performed to assess the robustness
of our findings, including 1) assigning annual concentrations of air
pollution in 2020 as an exposure matrix, 2) assigning a two-year expo-
sure window with 2019 and 2020 as an exposure matrix, 3) further
adjusting for cardiovascular or respiratory disease in the main model, 4)
limiting the cohort to hospitalized patients and looking at mortality as
outcome, 5) excluding different area-level variables (IMD score or
population density), 6) using the test date with a natural cubic spline
with 6-8 knots per year to control for the time trend, as well as, 7)
exploring two-pollutant analysis by mutually adjusting any pollution-
pairs with correlations <0.7, to distinguish the single pollutant effects.

The results are reported as odds ratios (ORs) and 95% confidence
intervals (CI) per interquartile range (IQR) increase for each exposure.
All the statistical analysis was conducted using R version 4.1.2.

3. Results

Of the 456,510 Individuals who tested positive for SARS-CoV-2 in
Greater Manchester, United Kingdom between March 1, 2020 and May
31, 2022, 26 individuals were excluded due to an incorrect COVID-19
diagnosis date, 25 due to unknown sex, 131,903 due to incorrect BMI
(missing or outside of an acceptable range: 0-80 kg/m?), and 10,899
who were registered to an LSOA outside Greater Manchester, leaving
313,657 individuals in final analyses (see Supplementary Fig. S3). The
mean age and standard deviation (SD) of the cohort participants was 44
(17.9) years and the majority were women (58.8%), white (72.3%),
overweight or obese (60.3%), non-smokers (52.1%), and lived in an area
with an IMD decile of 5 or less (67.2%). Of the cohort participants, 27%
had a history of at least one of the following comorbidities at the time of
SARS-CoV-2 infection: asthma, CHD, stroke, type 2 diabetes, COPD,

hypertension. Of the 313,657 people with SARS-CoV-2 infection, 43,301
(14.1%) were hospitalized and 4379 (1.4%) died within 28 days of their
PCR test (see Table 1).

Mean levels (IQR) of PMy5 PM;o, NO,, SO,, and benzene across
Greater Manchester were 9.12 (1.05), 13.81 (1.45), 17.25 (4.45), 2.05
(0.47), and 0.44 (0.09) pg/mg, respectively. Mean (IQR) 2019 annual
levels of O3 was 6.15 (0.74) days with 8 h exceeding 120 pg/m?>. A strong
correlation is observed among all pollutants in the LSOAs, for example,
PM, 5 was correlated 0.81, 0.70, 0.83 with NOj, SO and benzene,
respectively (see Supplementary Fig. S4). Pollutant levels in 2019 and
2020 were highly correlated (see Supplementary Fig. S5).

We observed no evidence that associations departed from linearity
for most pollutants, while NO, and O3 showed inverse U-shaped re-
lationships with COVID-19 hospitalization but linearity with COVID-19
mortality (see Supplementary Figs. S6 and S7).

In the fully adjusted model, significant positive associations were
observed between most pollutants and COVID-19 severity, for both
hospitalization and mortality after COVID-19 infection (see Table 2). An
IQR increase in PMj 5, PM;o, NO5, SO, or benzene was associated with
COVID-19 hospitalization with ORs (95% CI) of 1.27 (1.25-1.30), 1.15
(1.13-1.17), 1.12 (1.10-1.14), 1.16 (1.14-1.18), and 1.39 (1.36-1.42),
respectively. However, O3 was inversely associated with COVID-19
hospitalizations with an OR (95% CI) of 0.96 (0.95-0.98). An IQR in-
crease in PMy 5, PM1o, SO, or benzene were associated with COVID-19
mortality with ORs (95% CI) of 1.39 (1.31-1.48), 1.23 (1.17-1.30),
1.18 (1.12-1.24), and 1.62 (1.52-1.72) (see Table 2). While there was
little confounding by the individual-level variables, the association
attenuated the most after adjusting for the area-level confounders in
model 3.

The associations between exposure to air pollution and COVID-19
hospitalization were significantly modified by age, BMI, smoking
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Table 1
Characteristics of study cohort.
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Table 2
The association between long-term exposure to air pollution and hospitalization

Total COVID-19 Cases (N = 313,657)

Age
Mean y, (SD) 44 (17.90)
By age group, n (%)
0-20 20,502 (6.54)
21-40 113,944 (36.33)
41-60 117,108 (37.34)
61-80 50,637 (16.14)
80+ 11,466 (3.66)
Sex, n (%)
Female 184,378 (58.78)
Male 129,279 (41.22)
Ethnicity, n (%)
White 227,754 (72.61)
Black 7209 (2.30)
Asian 30,960 (9.87)
Mixed 4229 (1.35)
Other/Unclassified 43,505 (13.87)
BMI Category, n (%)
Underweight 18,903 (6.03)
Normal 105,568 (33.66)
Overweight 97,775 (31.17)

Obese class 1
Obese class 2
Obese class 3
Tobacco Use, n (%)
Non-smoker
Previous-smoker
Current Smoker

53,587 (17.08)
23,140 (7.38)
14,684 (4.68)

163,421 (52.10)
38,138 (12.16)
112,098 (35.74)

IMD 2019 Deprivation Score (1 is most deprived), n (%)

1 71,803 (22.89)
2 47,886 (15.27)
3 39,117 (12.47)
4 28,883 (9.21)
5 23,226 (7.40)
6 22,489 (7.17)
7 21,397 (6.82)
8 24,421 (7.79)
9 19,933 (6.36)
10 14,502 (4.62)
Comorbidities, n (%)
Asthma 62,593 (19.96)
CHD 11,740 (3.74)
Stroke 4099 (1.31)
Type 2 Diabetes 23,644 (7.54)
COPD 8208 (2.62)
Hypertension 52,043 (16.59)
Air pollution, mean (IQR)
PMys 8.20 (1.90)
PM;o 13.10 (2.85)
O3 7.40 (2.03)
NO, 10.99 (4.35)
SO, 1.16 (0.38)
Benzene 0.35 (0.13)
Outcome, n (%)
Hospitalization* 44,301 (14.12)
Death* 4379 (1.40)

and mortality from COVID-19 in Greater Manchester.

Model 1 OR (95% CI)

Model 2 OR (95% CI)

Model 3 OR (95% CI)

COVID-19 hospitalization (N=44,301)

PMas 1.31 (1.28-1.33)
PM;o 1.20 (1.18-1.22)
NO, 1.16 (1.15-1.18)
03 0.92 (0.91-0.93)
S0, 1.21 (1.20-1.23)

Benzene 1.36 (1.34-1.39)
COVID-19 mortality (N=4379)

PMy 5 1.58 (1.50-1.66)
PMio 1.41 (1.34-1.48)
NO, 1.19 (1.14-1.24)
O3 0.89 (0.85-0.93)
SO, 1.35 (1.29-1.40)

Benzene 1.72 (1.64-1.81)

1.30 (1.27-1.32)
1.19 (1.17-1.21)
1.16 (1.14-1.18)
0.93 (0.91-0.94)
1.20 (1.18-1.22)
1.35(1.33-1.37)

1.56 (1.48-1.65)
1.40 (1.33-1.47)
1.18 (1.12-1.23)
0.90 (0.86-0.94)
1.34 (1.28-1.40)
1.70 (1.62-1.79)

1.27 (1.25-1.30)
1.15(1.13-1.17)
1.12 (1.10-1.14)
0.96 (0.95-0.98)
1.16 (1.14-1.18)
1.39 (1.36-1.42)

1.39 (1.31-1.48)
1.23 (1.17-1.30)
1.02 (0.97-1.07)
1.02 (0.97-1.07)
1.18 (1.12-1.24)
1.62 (1.52-1.72)

Definitions: BMI = body mass index; CHD = coronary heart disease; COPD =
chronic obstructive pulmonary disorder; COVID-19 = coronavirus disease; IMD
= index of multiple deprivation.

PMa.5s ana PMjo = particulate matter with diameter <2.5 and 10 pm, respec-
tively. NO, = nitrogen dioxide. O3 = ozone. SO, = sulphur dioxide.*Within 28
days of a first positive SARS-CoV-2 test.

habits, and historical comorbidities (P-value for interaction <0.05).
Individuals in age group 40-59 years, overweight or obese, current
smokers, or patients with pre-existing diseases such as type 2 diabetes,
hypertension, or COPD showed stronger association between exposure
to air pollution and COVID-19 hospitalization (see Figs. 2 and 3). The
associations between exposure to air pollution and COVID-19 mortality
were significantly modified by age and historical COPD. Individuals in
age group 40-59, or patients with pre-exisiting COPD showed stronger
association between exposure to air pollution and COVID-19 mortality

OR = odds ratio. CI = confidence interval. PM, 5 and PM; o= particulate matter
with diameter <2.5 and 10 pm, respectively. NO, = nitrogen dioxide. O3 =
ozone. SO, = sulphur dioxide. Results are presented for interquartile range in-
crease.

Model 1 adjusted for temporal trends (month of diagnosis), sex, and age (each
20-year-age band); Model 2 additionally adjusted for, ethnicity (white, black,
Asian, mixed, other), BMI (underweight, normal, overweight, obese class 1,
obese class 2, obese class 3) and smoking (smoker, previous smoker, non-
smoker); Model 3 further adjusted for deprivation score (IMD) and population
density.

(see Supplementary Fig. S8 and Supplementary Fig. S9).

Time-stratification analysis showed the association of COVID-19
hospitalization persisted in all periods, and the association of COVID-
19 mortality became stronger after mass vaccination (see Supplemen-
tary Fig. §10) and in the later stages of the pandemic (see Supplementary
Fig. S11).

Replacing 2019 annual mean concentrations of air pollution with
2020 levels and using a 2-year exposure model combining years 2019
and 2020 as an exposure matrix showed the same trends as our main
results but with generally stronger associations (see Supplementary
Fig. S12 and Supplementary Fig. S13, respectively). Further adjustment
for preexisting cardiovascular and respiratory disease did not change the
main associations (see Supplementary Fig. S14). Limiting the study
population to hospitalized patients mildly attenuated associations with
COVID-19 mortality (see Supplementary Fig. S15). Exclusion of IMD
score in the model mildly strengthened associations, whilst exclusion of
population density attenuated associations (see Supplementary
Fig. S16). Using test date to control for temporal trends did not alter our
results (see Supplementary Table S1). Finally, two-pollutant models
showed that significant positive associations generally persisted with
almost all pollutant combinations. Additionally, O3 showed negative or
non-significant associations in single pollutant models but showed sig-
nificant positive associations with COVID-19 severity when adjusted
with all other pollutants in two-pollutant models (see Supplementary
Table S2). Results from our two-pollutant model should be taken with
caution due to the high correlations that exist between most pollutants
in our study.

4. Discussion

This study, using individual-level data on 313,657 residents of
Greater Manchester, United Kingdom, who tested positive for SARS-
CoV-2, showed significant positive associations between residential
exposure to air pollution and severe COVID-19 requiring hospitalization
or resulting in death. We found that older people, obese individuals,
current smokers, and individuals with historic cardiovascular disease
(hypertension, CHD, stroke), type 2 diabetes, and COPD had greater risk
of developing severe COVID-19 related to air pollution.

There are currently five published cohort studies that have
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Fig. 2. Effect modification of the association between long-term exposure to air pollution and hospitalization from COVID-19 in Greater Manchester by age, sex, BMI,

and smoking status.

OR = odds ratio. CI = confidence interval. PM,.5 = particulate matter with diameter <2.5 pm. NO, = nitrogen dioxide. Main model adjusted for temporal trends
(month of diagnosis), sex, and age (each 20-year-age band), ethnicity (white, black, Asian, mixed, other), BMI (underweight, normal, overweight, obese class 1, obese
class 2, obese class 3), smoking (smoker, previous smoker, non-smoker), deprivation score (IMD) and population density. Results are presented for per interquartile
range increase for each pollutant. Model differences are examined using likelihood ratio test and the significant difference with a global-p value < 0.05 are high-

lighted with *.

investigated long-term exposure to air pollution and COVID-19 severity
and the findings are mostly in line with the results in this study. Chen Z
et al. (2022) examined air pollution exposure and COVID-19 severity in
California, USA. They found that a 1-SD increase in 1-year averaged
PM, 5 exposure was associated with increased risk of COVID-19-related
hospital admission and death, respectively for PMs 5; [OR (95% CI): 1.23
(1.17-1.30), 1.11 (1.02-1.21)], whilst NO, was only associated with
hospitalization; [OR (95% CI): 1.13 (1.07-1.18)] (Z. Chen et al., 2022).
Chen C et al. (2022) performed a prospective cohort study using resi-
dents of Ontario, Canada with confirmed COVID-19 diagnosis and found
an IQR increase in exposure to O3 was associated with increased risk of
COVID-19-related hospital admission and death, respectively; [OR (95%
CI):1.15 (1.06-1.23), 1.18 (1.02-1.36)], whilst PMy 5 was only associ-
ated with hospitalization; [OR CI (95%) PMy5: 1.06 (1.01-1.12)] (C.

Chen et al., 2022). A number of smaller cohort studies also found higher
long-term PM; 5 exposure was associated with COVID-19 hospitalization
and/or mortality (Bowe et al., 2021; Bozack et al., 2021; Mendy et al.,
2021).

This study found that pollutants from industrial sources may have
played a key role in COVID-19 severity during the pandemic, with SOz
and benzene having some of the strongest associations with COVID-19
hospitalization and mortality. This has not been investigated by
similar cohort studies (Bowe et al., 2021; Bozack et al., 2021; C. Chen
et al., 2022; Z. Chen et al., 2022; Mendy et al., 2021), although an
ecological study also found that benzene was positively correlated with
the spread of COVID-19, and mortality in 107 Italian provinces (Perone,
2022).

A unique finding in our study is a significant negative (protective)
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Fig. 3. Effect modification of the association between long-term exposure to air pollution and hospitalization from COVID-19 in Greater Manchester by comorbidity.
OR = odds ratio. CI = confidence interval. PMy.5s = particulate matter with diameter <2-5 pm. NO, = nitrogen dioxide. CVD = cardiovascular diseases, RD =
respiratory diseases, COPD = chronic obstructive pulmonary disease. Main model adjusted for temporal trends (month of diagnosis), sex, and age (each 20-year-age
band), ethnicity (white, black, Asian, mixed, other), BMI (underweight, normal, overweight, obese class 1, obese class 2, obese class 3), smoking (smoker, previous
smoker, non-smoker), deprivation score (IMD) and population density. Results are presented for per interquartile range increase for each pollutant. Model differences
are examined using likelihood ratio test and the significant difference with a global-p value < 0.05 are highlighted with *.

association between O3z and COVID-19 hospitalization. This is most
likely due to the fact that ground-level O3 concentration depends on
other pollutants (e.g. nitrogen oxides (NOyx)) and solar light (Higham
et al., 2021). Urban settings such as Greater Manchester are expected to
have low relative Oz concentrations because it reacts with NO, forming
NO; (Kolluru et al., 2022). This hypothesis is supported by our results,
where O3 shows significant positive associations with COVID-19 severity
when adjusted with all other pollutants in two-pollutant models. An
ecological study looking at O3 and COVID-19 transmissibility in China
also found a protective effect and indicates that another explanation for
this may arise from the virucidal activity and possible stimulatory effects
of O3 on host innate defences (Ran et al., 2020).

Whilst the exact molecular mechanisms by which air pollution af-
fects COVID-19 severity remain unknown, there is evidence that expo-
sure to pollutants found in ambient air can cause chronic inflammation
and hyperactivation of the immune system at sustained low doses (Tri-
pathy et al., 2021). This may contribute to reaching thresholds to trigger
an extreme inflammatory state called a cytokine storm, leading to acute
respiratory distress syndrome (Lavigne et al., 2022). Air pollution may
also cause this indirectly by affecting the macrophage response to viral
infection, allowing them to persist for longer and exacerbate the cyto-
kine storm (Pieters, 2011). Another possible mechanism could be that
air pollution causes ACE2 (receptor for SARS-CoV-2 entry into cells)
overexpression increasing viral load during invasion and leading to
increased risk of severe disease (Wang et al., 2020).

Strengths of this study include access to data on a city-wide cohort of
313,657 individuals who were diagnosed with COVID-19 from a PCR
test, with detailed individual-level data on lifestyle and co-morbidities.
The study population was defined from NHS records, which includes the
entire population of Greater Manchester except those who opted out of
data sharing, which was 5.4% in 2022 (NHS Digital, 2022). The study
period covered more than two-years of the pandemic from March 1,
2020 to May 31, 2022, which included several SARS-CoV-2 variants, and
showed robust associations over the entire period. A key strength of this
study is the inclusion of all major pollutants PMa 5, PM;o, NO3, O3, as
well as SO, and benzene.

There are certain limitations of this study, which mostly arise from
working with restricted NHS data. Firstly, severity was considered based
on two levels (hospitalization and death) as more detailed information
regarding disease severity was not available. Other studies have
included further levels of COVID-19 severity, such as if a patient
required an intensive care unit, and date of death. Information on the
cause of death was not available, preventing the exclusion of deaths that
may not have been COVID-19-related. Secondly, due to data security it
was only possible to link individual exposure to air pollution in LSOA
levels. The variation of exposure among individuals within the same
LSOA is not captured. Additionally, PM; 5 spatial distribution has been
shown to be greater than expected in big city environments (Renard and
Marchand, 2021). However, each LSOA in Greater Manchester has a
very fine resolution with a mean area of 4.345 km?. Previous epidemi-
ology research has validated the credibility of using small area level
exposure to air pollution to estimate individual exposure (Z. Chen et al.,
2022; Di et al., 2017). Thirdly, total exposure may also be linked to
levels of pollutants in indoor microenvironments (transport, home, of-
fice), and emerging research presents a complex mix of mitigating fac-
tors such as building ventilation (DEFRA, 2022d). However, to include
this information would require personal monitoring and it is not feasible
for our large cohort. Fourthly, historical migration of individuals over
our 27-month study period was not included as this information (e.g.,
change of address) was not systematically recorded in our NHS dataset.
This may lead to some non-differential misclassification and is it likely to
be a key reason that we generally see stronger associations with
COVID-19 severity when including 2020 air pollution exposure data in
our model. Finally, information was not available on individual SES
factors, such as income, education and occupation, although exposure
and health outcomes are associated with individual SES (C. Chen et al.,
2022; Z. Chen et al., 2022). To account for this, we included area-level
deprivation index, IMD decile, in the model to adjust for the SES
inequality. Additionally, there were other key covariates that we did not
have information on, such as being part of an outbreak, being an
essential worker, health care access, care home status, and detailed
vaccination information.
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Based on the observed associations between air pollution exposure
and COVID-19 severity, it may be beneficial to prioritize individuals for
vaccination not only on their risk factors but on their estimated outdoor
pollution exposure too. Better communication to the general public,
especially if in a vulnerable group, of methods to mitigate exposure may
help to reduce their exposure and risk. This could further be supported
by the implementation of local council and/or government schemes
such as clean air zones, speed limits on roads or restriction by vehicle
type, industrial regulations, and investment in public transport to meet
WHO recommended air standards (Isphording and Pestel, 2021).

COVID-19 remains a highly infectious disease with the capacity to
cause severe and long-term damage to health, as well as to overwhelm
health systems (WHO, 202.3). Further, evidence shows that air pollution
may affect severity in other respiratory diseases, such as influenza (Su
et al., 2019) and allergic respiratory disease (Gledson et al., 2023), with
SO, having some of the strongest associations in both studies. It is
therefore imperative that we learn as much as possible from the
COVID-19 pandemic, utilizing the unprecedented scale of testing data
and advances in digitalization of health data observed during the last
few years.

5. Conclusions

This is the first cohort study investigating COVID-19 severity asso-
ciated with long-term air pollution exposure in a UK city (Greater
Manchester). Long-term exposure to air pollution, specifically, PMj s,
PM;9, NO,, SO,, and benzene, was associated with increased risk of
hospital admission and death within 28 days of a positive SARS-CoV-2
test. The study included NHS data, allowing for observations of
greater associations among those in a certain age group (40-59), current
smokers, and those with historical obesity, hypertension, COPD and type
2 diabetes, compared to the corresponding groups.

These findings highlight the need to mitigate exposure for the gen-
eral public in city environments, especially if they are in a vulnerable
group. It may be beneficial to prioritize individuals for vaccination not
only on their risk factors but on their estimated outdoor pollution
exposure too.

This study found that SO, and benzene had some of the strongest
associations with severe COVID-19 outcomes. Previous literature has
focused primarily on PMy 5, and there is a need for future studies to
include exposure to a wider range of pollutants, and to quantify expo-
sure to source-specific emissions such as those from industry.

Additionally, this study was not able to include covariates such as
vaccination, SARS-CoV-2 variants, and SES factors, and further research
is needed to assess the impact they could have on these results.
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